Abstract: With the inception of small unmanned aircraft systems (sUAS), remotely sensed images have been captured much closer to the ground, which has meant better resolution and smaller ground sample distances (GSDs). This has provided the precision agriculture community with the ability to analyze individual plants, and in certain cases, individual leaves on those plants. This has also allowed for a dramatic increase in data acquisition for agricultural analysis. Because satellite and manned aircraft remote sensing data collections had larger GSDs, self-shadowing was not seen as an issue for agricultural remote sensing. However, sUAS are able to image these shadows which can cause issues in data analysis. This paper investigates the inherent reflectance variability of vegetation by analyzing six Coneflower plants, as a surrogate for other cash crops, across different variables. These plants were measured under different forecasts (cloudy and sunny), at different times (08:00 a.m., 09:00 a.m., 10:00 a.m., 11:00 a.m. and 12:00 p.m.), and at different GSDs (2, 4 and 8 cm) using a field portable spectroradiometer (ASD Field Spec). In addition, a leafclip spectrometer was utilized to measure individual leaves on each plant in a controlled lab environment. These spectra were analyzed to determine if there was any significant difference in the health of the various plants measured. Finally, a MicaSense RedEdge-3 multispectral camera was utilized to capture images of the plants every hour to analyze the variability produced by a sensor designed for agricultural remote sensing. The RedEdge-3 was held stationary at 1.5 m above the plants while collecting all images, which produced a GSD of 0.1 cm/pixel. To produce 2, 4, and 8 cm GSD, the MicaSense RedEdge-3 would need to be at an altitude of 30.5 m, 61 m and 122 m respectively. This study did not take background effects into consideration for either the ASD or MicaSense. Results showed that GSD produced a statistically significant difference (p < 0.001) in Normalized Difference Vegetation Index (NDVI, a commonly used metric to determine vegetation health), R 2 values demonstrated a low correlation between time of day and NDVI, and a one-way ANOVA test showed no statistically significant difference in the NDVI computed from the leafclip probe (p-value of 0.018). Ultimately, it was determined that the best condition for measuring vegetation reflectance was on cloudy days near noon. Sunny days produced self-shadowing on the plants which increased the variability of the measured reflectance values (higher standard deviations in all five RedEdge-3 channels), and the shadowing of the plants decreased as time approached noon. This high reflectance variability in the coneflower plants made it difficult to accurately measure the NDVI.
Introduction
Agriculture is often important to growth and advancement, providing vital resources not only to sustain, but also to improve life in many cases. Working in agricultural fields is sometimes been very tedious and difficult work. However, as science and technology have advanced, cultivating, sustaining, and harvesting crops has become more efficient. Any indication of crop health that can be provided is vital, because this would allow a farmer or an agricultural professional to make adjustments to their treatment if early signs of disease or damage are noticed. Even if two sections of a crop field are visibly healthy, they might display variations in the remotely sensed data. This could potentially lead to a smaller yield in one of the sections. For instance, grain yield monitors have been used in parallel with global positioning system (GPS) to combat the issues of field variability detection [1, 2] . Fields of study, such as agricultural science and precision agriculture have expanded because of these advancements. Precision agriculture, specifically, is the application of remote sensing and other geospatial techniques to ensure the crops being analyzed are healthy [3] .
Early years of precision agriculture required the use of satellites and piloted aircraft for data collection. This technology allowed researchers to begin analyzing single instances, but made it difficult to collect multiple measurements during the crop cycles [4] . This is because satellite sensors have long repeat cycles, and manned aircraft flights typically were expensive. Ultimately, the motivating goal of precision agriculture, assuring that crops and soil receive the proper treatment, depends on the data and images that are captured. These images need to contain high spatial resolution to provide the users with the ability to analyze fields on a plant by plant basis [5] . This will in turn allow systems and software to be developed to provide accurate information. Two ways of obtaining higher spatial resolution imagery are: improved sensors (increasing the total number of pixels and appropriately increasing the optic size), and shortened distance to the target of interest (lower altitude flights). While sensor improvement has naturally occurred over time, the utilization of small unmanned aircraft systems (sUAS) have been able to provide lower altitude remote sensing solutions for agricultural professionals.
The purpose of this study is to determine how accurate the remotely sensed images need to be, after conversion to reflectance, for properly analyzing vegetation. Spectral sensors capture images in the form of digital counts, which are then converted into radiance and afterwards into reflectance. These conversion steps produce error in the reflectance imagery because the calibration and conversion techniques are not perfect. The issue then becomes, how accurate does the reflectance imagery need to be? If the target of interest has no variability, then the sensor is producing all the error in the system. However, if the target being measured has a high variability, it will overshadow the error produced by the sensor, which might allow for a less rigorous calibration or reflectance conversion methodology.
Background
One of the main conclusions reached by McBratney et al. in 2006 was that recognition and quantification of temporal variation is a challenge that would be faced in the future of precision agriculture [6] . The variability seen in agriculture can be the result of biological differences in the plants, or in the various leaves on a plant. It can even be a result of the orientation of the leaves and the current illumination conditions (time of day, season, cloud cover, etc.). These variabilities need to be investigated and evaluated so sUAS remote sensing practitioners in the field of precision agriculture understand the proper way to collect and analyze imagery their field and crops.
Plant Reflectance Analysis
In 1985, Bauer discussed some of these factors that affect crop canopy spectra [7] . These factors are described below:
• Leaf optical properties • Canopy geometry • Soil reflectance • Solar illumination and view angles • Atmospheric transmittance
As sensors have improved, and higher spatial resolution imagery has been produced, some of those factors have become more problematic than others. For example, canopy geometry might have been difficult to distinguish from aircrafts and satellites with large GSDs, but with sUAS altitudes being capped at 122 m (in the United States of America), individual plants and even leaves can sometimes be identified. On the other hand, sUAS altitudes are so close to the ground that atmospheric transmittance should not affect the captured image results.
In addition to Bauer, Ollinger also investigated the variability of plant reflectances in 2010 [8] . They concluded that reflectance measurements were more dependent on the uncertainties of particle scattering, and gases in the atmosphere, than the uncertainties of atmospheric absorbers. In addition, the anatomy of the leaves, and leaf angle distribution drastically impact the scattering over the full reflectance spectrum. Ollinger specifically references these challenges in relation to the near infrared (NIR) region of the spectrum.
Previous studies have been performed in order to understand the effects of sun position/angle and cloud cover for vegetation canopy measurements. Kollenkark et al. investigated soybean canopy reflectance variations as a result of solar illumination angle [9] . de Souza et al. investigated vegetation indices of corn as the sun angle changed and as a function of cloud effects [10] . In addition, models have been developed to explain the reflectance factors of canopies as a function of variables such as: solar illumination angle, and plant geometry [11, 12] .
To showcase the affect of solar illumination, Figures 1-5 displays the same scene captured at five various hours on a sunny day. These images were captured at the Rochester Institute of Technology Carlson Center for Imaging Science (43.0846 • N, 77.6743 • W). The difference in illumination and the shadow being cast is noticeable. These images showcase the variation in the imagery as the solar zenith angle decreases. These are important issues to consider because, while sUAS are exceptional for imaging agricultural fields, depending on the size of the field and how fast the sUAS is flying, the change in solar zenith angle during the data collection could impact the results. As demonstrated by Granzier, solar illumination changes based on time of day, season, and weather conditions [13] . 
Small Unmanned Aircraft System (sUAS)
Since the inception of precision agriculture, significant advancements have been made in both sensor technology and the platforms that carry these sensors [14] . With the development of sUAS, the capability of capturing high spatial resolution imagery at any moment in time has been achieved. These sUAS have become increasingly popular among both researchers as well as commercial businesses due to their relatively low initial start-up cost, straight forward implementation, and easy maintenance. They also provide users with long flight durations, mission safety and the ability to repeat the same flight pattern [14] . Limitations do exist for sUAS users, such as a maximum flying altitude of 122 m (in the United States) above the ground [15] , and a limited battery life. On the other hand, it is possible to apply for waivers to fly over 122 m if required.
Various kinds of sensors have been utilized for precision agriculture. These sensors include, but are not limited to: multispectral, hyperspectral, LiDAR, short-wave infrared and long-wave infrared [16] . All of these sensors provide a unique look into the plants and provide different analytics on their health. For the purposes of this study, the MicaSense RedEdge-3 (MicaSense, Seattle, WA, USA), a field portable spectrometer-ASD Field Spec (Analytik Ltd., Cambridge, UK), and a high resolution handheld field portable spectroradiometer-SVC HR-1024i (Spectra Vista Corporation, Poughkeepsie, NY, USA), were used.
Multispectral Sensing
The MicaSense RedEdge-3 is a multispectral sensor that captures five channels simultaneously. It can capture as fast as one image per second with a 47.2 • field of view (FOV). The sensor can be run in Auto capture or Manual mode. Auto capture mode sets gain and integration time for each channel separately based on the scene being imaged, while Manual mode allows the user to select these parameters. In addition, the RedEdge-3 comes with a downwelling light sensor (DLS) which measures the illumination (downwelling light) of the scene when each image is captured. The bands of the RedEdge-3 camera and their respective Full Width Half Max (FWHM) are listed in Table 1 . This model addresses the vignette/row-gradient issues that exist in the raw images and then converts digital counts into radiance. The conversion process is demonstrated in both: [17] , and [18] .
Conversion to Reflectance
Converting raw digital counts to reflectance is a very important task in the field of remote sensing as it allows for different sets of imagery (or data) to be compared against one another. Without converting to reflectance, factors such as the illumination, integration time, and gain settings can drastically affect results. Two different methods will be used in this paper for reflectance conversion: Empirical Line Method and At-Altitude Radiance Ratio.
Empirical Line Method (ELM)
Empirical Line Method (ELM) is one the most well known techniques for converting either digital count or radiance imagery into reflectance imagery. The two variations of ELM that are used in this study are 2-Point ELM, and 1-Point ELM, although more can be used [19] . 2-Point ELM utilizes two reflectance conversion panels, a bright and a dark panel, to derive a conversion into reflectance, while 1-Point ELM only uses the bright panel and the origin (Radiance = 0, ρ = 0). In addition, these reflectance conversion panels need to be measured at the time of data collection, so their reflectance values can be used to compute a best fit line. Since its inception, ELM has been used for a multitude of applications [20] [21] [22] [23] [24] . An example computation of ELM can be seen in Figure 6 and Equation (1) .
where, ρ i is the reflectance factor, m i is the slope, L s,i is the band effective spectral radiance, b i is the bias, and i denotes the spectral band number. By using the computed slope and bias, the rest of the pixels in that image can be converted into reflectance. 
At-Altitude Radiance Ratio (AARR)
One of the newest methods of reflectance correction, At-Altitude Radiance Ratio (AARR), was tested in-depth by Mamaghani et al. in 2018 [25] . This technique utilizes a downwelling light sensor (DLS) to convert radiance images into reflectance. This means that no reflectance conversion panels are required for the AARR technique. While AARR saves sUAS users significant time in the field (no need to deploy panels, record their spectra, etc.), and saves time in processing the data (locating the panels, applying ELM, etc.), the overall error was higher than ELM. After studying six targets from four altitudes and under three various weather conditions with a MicaSense RedEdge-3 sensor, AARR, 1-Point ELM, and 2-Point ELM produced −0.0244%, −0.0028%, −0.0050% average band effective reflectance factor errors respectively. This study also demonstrated that atmospheric effects (degradation in transmission and path radiance) are negligible up to 122 m, because 1-Point and 2-Point ELM produced similar overall band effective reflectance factor errors and standard deviations [25] .
Reflectance Variation Importance
While AARR does not strictly outperform ELM, its performance is close enough to pose a new question: How accurate does the reflectance imagery have to be? Moreover, is the error that is produced when converting from digital count to reflectance overshadowed by other factors, mainly the inherent reflectance variability of the target in question? For example, if the variability in vegetation reflectance is lower than the error produced in the reflectance imagery, it is up to the sUAS user whether or not they would prefer to save time (AARR) or produce more accurate imagery (ELM). On the other hand, if the variability of vegetation is shown to be higher than the error produced during the conversion to reflectance, then utilizing a technique such as AARR is recommended because it saves the sUAS ground crew time in the field, less crew members are needed, and saves time during the data processing portion.
Normalized Difference Vegetation Index (NDVI)
Once the images have been converted to reflectance, vegetation health indices can be applied. Normalized Difference Vegetation Index (NDVI) is a metric that has been used to determine if a remotely sensed image contains healthy vegetation. By using the near-infrared and red channels, NDVI can be computed using Equation (2) [26, 27] .
NIR and Red bands are utilized because healthy vegetation (healthy chlorophyll) reflects more light in the NIR and green regions and absorbs more red light. With this in mind, NDVI values range between −1 (no or stressed vegetation), and 1 (very healthy vegetation). Some of the benefits of using NDVI are its stability over time as well as the fact that it is not very susceptible to noise [28] . Computation of NDVI can also be accomplished using other band combinations [29] . But, these combinations are not as frequently used as the NIR and red bands. While this research investigates the impact of illumination conditions on plant reflectance, and to a certain extent NDVI, other variables such as precipitation and temperature have an effect as well [30] .
Materials and Methods
Six coneflowers (Rudbeckia fulgida) were used for data collection. Collections occured on 22 September and 24 September 2018 under cloudy and sunny conditions respectively. Background effects and temperature measurements were not taken into consideration during data collection for either the ASD or MicaSense measurements. On each day, data was collected from three plants with the following methodology at the top of every hour between 08:00 a.m. and 12:00 p.m. EST: 
Field Spectroradiometer and Leafclip Contact Probe Measurements
For every combination of time, height, and plant, five reflectance spectra files were recorded by the ASD. Each of these ASD reflectance spectra files were produced by averaging five measured spectra. Therefore, every combination of time, height and plant averaged 25 reflectance spectra. Furthermore, the heights of 15 cm, 30 cm, and 60 cm were selected because they produced 2 cm, 4 cm and 8 cm GSD with a 3-degree foreoptic. These GSDs correlate with a MicaSense RedEdge-3 capturing images at heights of 30.5 m, 61 m and 122 m. Finally, while measuring the reflectance of the plants, a before and after reference measurement was made of a 100% reflectance panel (that was horizontally level) to ensure the illumination was consistent throughout plant reflectance measurement. Figures 7 and 8 show the collection setup and the plants measured. The setup picture was captured on the cloudy day (22 September) while the close up of the plants was captured on the sunny day (24 September 24). After all of the MicaSense RedEdge-3 images and ASD measurements were completed, ten leaves on each of the plants were analyzed using a leafclip measurement tool that attached to the SVC HR-1024i spectroradiometer. This data collection was performed to measure the variability of reflectance on a single plant from a random selection of its leaves. Three locations on each leaf were selected at random and measured. These leafclip measurements were taken to measure the reflectance variability of vegetation in a controlled laboratory environment. Figure 9 displays the leafclip attached of the SVC spectroradiometer being used for measure an example leaf. Figure 9 . Example leafclip measurement. SVC HR-1024i spectroradiometer is seen in the back. This example measurement image was staged after the collection. In reality, the leaves were measured while they were still attached to the plant.
Once these spectra files were averaged, and standard deviations were computed, NDVI variability was able to be computed for all the measurement varieties. In addition, average and standard deviation spectra were computed for each plant using all leafclip contact probe measurements, along with their NDVI. This would provide a more accurate representation of the reflectance spectra of the Coneflower plants. In order to compute NDVI, the averaged reflectance spectra were integrated with the measured relative spectral response (RSR) functions of the MicaSense RedEdge-3. This produced band effective reflectance factors for all five bands of the RedEdge-3, which allowed for computation of NDVI.
Multispectral Sensor Measurements
After the RedEdge-3 images were converted into reflectance using all three methods (2-point ELM, 1-Point ELM, and AARR), a region of interest (ROI) over the plants was manually selected to use for analysis. All the pixels in the ROI were averaged together and utilized for statistical analysis of both the reflectance factor values and the NDVI of the plants. An example ROI is shown in Figure 10 . Different ROIs were selected for each band of the sensor because the bands are not aligned. 
DIRSIG5
Some of the measured reflectances were validated using DIRSIG5 software [31] . DIRSIG5 is a physically-based Monte Carlo path tracer-i.e., DIRSIG5 estimates the radiance incident upon a virtual detector array by tracing light transport paths randomly through a virtual scene, wherein triangles constitute virtual surfaces, which are characterized by energy-conserving light scattering models. Furthermore, DIRSIG5 is specifically designed to simulate multispectral (as well as hyperspectral) Earth-observing imagery, and accepts parameters such as geodetic location, absolute day and time, detector band positions and widths, and atmospheric characteristics.
To use DIRSIG5 for validation, a virtual scene was constructed at Rochester, NY (43.1566 N, 77.6088 W) on 24 September 2019, which is where and when the data were collected. The virtual scene consists of (1) A ground plane characterized by a spectrally-flat 5% reflectance chosen to mimic asphalt, (2) A pair of calibration panels characterized by field-measured reflectances of the actual calibration panels used in the collect, and, (3) A group of three procedurally-generated, ad hoc broadleaf plants characterized by field-measured leaf-level reflectances of the actual plants used in the collect.
For simplicity, all surfaces use a Lambertian reflection model. However, to account for the significant increase in transmission by vegetation in the infrared, plant surfaces also use a Lambertian transmission model, whereby we attribute plant surfaces with a representative transmittance spectrum. Specifically, we attribute the transmittance of a Sweetgum leaf, which has a very similar reflectance to the leaf reflectances measured (Figure 11 ). The virtual detector array features five bands, corresponding to those of the Micasense imager. Using a mid-latitude summer atmospheric profile with no cloud cover, images were simulated at 08:00 a.m., 09:00 a.m., 10:00 a.m., 11:00 a.m., and 12:00 p.m. Figure 12 displays the scaled NIR bands of the DIRSIG images. Three coneflower plants were generated for the simulation. leafclip measurements (shown later) were utilized for the simulated plant reflectances. These images were converted into reflectance using 2-Point ELM. Bright panel in the top right corner, and the dark panel in bottom left corner were used for this conversion. Self-shadowing on the plants increases as the solar zenith angle decreases, which ultimately lowers the measured reflectances. Figure 13 shows the average and standard deviation of the reflectance spectra measured on the cloudy and sunny days using the ASD. These results were computed by averaging over all three plants, all three heights, and all five hours on their respective days. Overall, the average reflectance spectra on both the cloudy and sunny days were very similar, as shown by the blue spectra in the Figures below. The significance of these results is the standard deviation of the measurements. As seen in the plots, the variability is very high in the infrared region of the spectrum (700 nm and higher). This is significant because many vegetation health indices use reflectance values from the infrared region, thus it is difficult to accurately measure the health of vegetation. Using the results in Figure 13 , the computed NDVI is: 0.912 ± 0.026 on the cloudy day, and 0.905 ± 0.257 on the sunny day. While NDVI ranges between −1 and 1, some of the sunny day results would fall above 1. This is possible because of the varying leaf geometries that exist in the scene. The measured leaves that are angled directly at the sun will produce higher reflectance spectra curves, because the reference panel measured was horizontally level. In addition, some of the darker regions of the canopy (shadowed regions) will have a lower measured radiance than the reflectance conversion panels. This could produce negative reflectances in the Red band, which would produce NDVI values above 1.0. As stated before, the average NDVI computed using both data sets produce similar values, but the standard deviation is ten times higher for the sunny day. The two changing factors during these data collections were: the illumination (sun angle/time of day), and the orientation of the leaves. While the orientation of the leaves could change by gusts of wind, there was no way to measure or account for any change in orientation. However, the illumination was changing consistently as the time of day progresses, which creates the noticeably higher standard deviation. . Average ASD results from (a) cloudy day, and (b) sunny day. Reflectance spectra were computed by averaging all spectra collected by the ASD on the particular day (three plants, three heights, five times). Average reflectance spectra shown in blue, while one standard deviation is displayed as the red region. Average reflectance values similar across both days, but standard deviation was much higher on sunny day.
Results and Discussion

Field Spectroradiometer
Band effective reflectance factors were computed from the average ASD reflectances for every combination (Figures 14 and 15) .
NDVI was computed for every plant, time and GSD combination. NDVI were computed using the band effective reflectance factors from the ASD measurements shown above (Figures 16 and 17) . ASD measurements were not made for the Plant 2 at 12 p.m. because the cloud cover had passed. Reflectance values at 12:00 p.m. were not collected for Plant 2 because the cloud cover had passed. Therefore the measurements would not have been comparable with the rest of the data set that was collected on that day. The first variable to analyze is the weather. The cloudy forecast produced a small NDVI variability regardless of which plant, GSD, or time of day was measured. The small decrease in NDVI that is seen as time progressed could be attributed to the orientation of the leaves when the data was collected, or because of the increase in illumination. While that sounds counter-intuitive, solar illumination still reaches the ground on a cloudy day, and if the cloud cover is consistent (uniform), the light travels through less clouds when it is directly overhead. This is the difference between direct illumination (direct sunlight), and diffuse illumination (sunlight scattered off atmospheric particles) [32] . This will produce a higher illumination near noon. For sunny conditions, the NDVI variability is more noticeable, specifically in in Plants 4 and 6. As the GSD changed, the NDVI changed. This is expected because sunny days produce shadows which can cover various leaves of the plant by self-shadowing (from other leaves). Therefore, higher GSDs cover more pixels on the plant, which could include more or less shadowed areas on the plant which will produce different NDVI values.
Two of the other variables that were tested in this experiment were the GSDs and time of day. The data collected on both the cloudy and sunny day showed no pattern with GSD. While the NDVI measured did change as the GSD was increased, there was no obvious correlation between NDVI and GSD. As previous stated, this is probably because the higher GSDs either measured more or less shadowed leaves, and without knowing the exactly percentage of shadowed coverage, there is no way to draw a correlation between NDVI and GSD. A one-way ANOVA test was used to determine if there was any significance across GSD. It was shown that for all plants, and times of day, the GSD produced statistically significant difference in NDVI (p < 0.001). Overtime, the cloudy day displays a small decrease in NDVI as the day progressed. It is entirely possible that this small increase in illumination that occurs on cloudy days as the sun rises caused a small increase the reflectance measured in the Red and/or NIR channel, which could cause a slight decrease in the computed NDVI. On the other hand, the NDVI shows more scattering on the sunny day along the time variable. As the day progressed and the sun rose in the sky, the illumination and the cast shadows change on the plants, which alters the radiance being seen at the sensor. To further demonstrate the scattering, R 2 values were computed across the time of day variable, and are displayed in Table 2 . These values showed little to no correlation between time of day and NDVI, but did show higher correlations on the cloudy day, than the sunny day. Figure 18 displays the average spectra and the respective standard deviations for all six plants. These leafclip spectra were captured by measuring three various locations from ten various leaves on each plant (30 measurements per plant). The plants produced nearly identical average reflectance spectra, and very similar standard deviations. This suggests that all the variations that were seen in the band effective reflectance factors from the ASD and MicaSense data were produced as a result of the conditions the plants were under (i.e., the illumination conditions). NDVI was also computed for each of the six plants ( Figure 19 ). As expected, the average and standard deviations of the NDVI across all six plants did not vary significantly from one another. This was because the plant's measured reflectance spectra produced very similar morphologies and reflectance values to each other, even though the spectra were measured from random locations on randomly selected leaves. In other words, the plants exhibited the same health index from randomly sampled selections. To showcase this, a one-way ANOVA test was performed on the computed NDVI values, which produced a p-value of 0.018. This result signifies that there is no statistically significant difference in the NDVI of leaves. The second takeaway from these results, is the standard deviation of the NDVI values, which ranged from 0.0095 to 0.0339. The highest standard deviation, Plant 1 (0.0339), is due to the higher variation at the red wavelength (∼668 nm) Plants 2 through 6 had less variation at that band, which is seen by the variation in the NDVI plots. Figure 19 . NDVI computed using leafclip spectra for all six plants.
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DIRSIG
DIRSIG simulations also demonstrated this phenomenon as can be seen in Figure 20 . The overall reflectance of the plants dropped as the solar zenith angle decreased. As can be seen by comparing Figure 20 with any of the scatter plots with error bars in Figure 21 , the simulated DIRSIG band effective reflectance factors do not reproduce the MicaSense reflectance factors. This has been a difficult problem to investigate because of the number of variables affecting the simulation. Coneflowers (Rudbeckia fulgida) have a specific leaf structure and composition. While the virtual plants used in the DIRSIG simulation were generated to have the same shape and orientation, as well as the same representative reflectance and transmittance spectra as the Coneflowers used in the experiment, the specific scattering properties of the leaves were not taken into account. By default, we attributed Lambertian (constant) reflection and transmission properties to the leaves in the DIRSIG simulation. In reality, the leaves are certainly not perfectly Lambertian surfaces, and may exhibit scattering phenomena such as the Fresnel effect, whereby reflectivity increases as incident angle increases. As the effective reflectance factors are highly variable, and are in fact sensitive to leaf geometry as well as leaf scattering properties, we only expect the DIRSIG simulation to reproduce the MicaSense reflectance factors once a proper model of bidirectional leaf scattering properties is introduced. Figure 21 displays the average and standard deviation of the MicaSense reflectance imagery for all five hours, all three conversion techniques, and both days. Each average and standard deviation was computed from all of captured MicaSense images at that particular hour (90 images per hour). There are a few interesting trends that can be seen in these MicaSense reflectance results. The first trend that can be seen is the increase in average reflectance on the cloudy day, as demonstrated by the R 2 values seen in Table 3 . The increase in average reflectance on the cloudy day is expected because as the solar zenith angle decreases, the light from the sun travels through less clouds (assuming a consistent cover). This increased the amount of illumination that reached the plants which increased the measured reflectance values. The second trend is the higher standard deviation on the sunny day reflectances, as well as the overall decrease in reflectance overtime. The higher standard deviations are produced because the sunny day contains shadows which significantly vary the reflectance values of the scene. Shadowed leaf pixels will produce lower reflectance values than the illuminated leaf pixels in every band.
Multispectral Sensor
While cloudy days also contain some faint shadows, they did not effect the standard deviations across time. In addition, there is a decrease in the overall reflectance in each band as the solar zenith angle decreases. This is because the self-shadowing of the plants increase as the sun rises (Figure 12 ), which decreases the overall measured reflectance in each band. The decrease in reflectance overtime is also showcased by the large R 2 values seen in Table 3 as well as the values shown in Table 4 . NDVI was also computed using the band effective reflectance factor results from the MicaSense data. The NDVI measured from the ROI of the plants can be seen below in Figure 22 . These results again showcased the same trends. Significantly higher standard deviations were witnessed on the sunny day due to the self-shadowing of the plants. The NDVIs computed for the sunny day ( Figure 22 (b)) had to be capped because the variability in both the Red and NIR channels produced negative or in some cases, higher than 1.0 reflectance factor values. In the early years of remote sensing, when satellites and manned aircrafts were used, it was always desired to collect data on sunny and clear days. For satellites, this is obvious, because clouds would cover the targets that were being imaged. As for manned aircrafts, the illumination was desired for high signal to noise ratios (SNR). This way of thinking continued through to sUAS platforms as well. However, this study reached the opposite conclusion. Because sensors produce better resolution imagery, and sUAS can be flown closer to the targets of interest, SNR is not as big of a concern as the variability in the data. The data collected shows that cloudy days around noon are the best time for collection of sUAS imagery because of the smaller variation produced in the results. Without clouds, shadows impact results on a greater scale for sUAS imagery (because of the higher resolution/smaller GSDs). Noon can be seen as the optimal time because, in the event that the clouds are not perfectly uniform, a solar zenith angle close to 0 • would produce the lowest variation while providing a good SNR.
Future Work
Data Recollection
To further investigate, a subsection of this study could be accomplished which would allow the data being collected to be more precise. When the ASD rig was shifted horizontally from plant to plant, and also raised to capture various GSDs, the collection team did their best to ensure the ASD rig was placed back into the exact same spot. It was impossible to place the ASD rig back into the previous position, therefore, ASD measurements could have been made from slightly different locations above the plants, which would result in improper comparison of reflectances as well as NDVI measurements. Recollecting a subsection of the data from this experiment would ensure that the ASD never moves, and the same part of the plant canopy is measured. For example, only measuring a single plant, from one height, at various times. This would reduce the human error component for the ASD data collection and ensure that the same area of the plant canopy (leaves) is measured every time. Second, by recording the temperature during data collection, potential trends between the reflectances or NDVI and temperature could have also been investigated. Third, if data recollection was performed, using more plants would be highly recommended. By filling the entire MicaSense RedEdge-3's field of view with plants, albedo effects from the background would be removed, and this would better simulate a farmer's field. Finally, a smaller ROI could have been used to compute the reflectance factors from the RedEdge-3 imagery. For example, using a 20 × 20, 40 × 40, or 80 × 80 ROI for a MicaSense RedEdge-3 sensor at 1.5 m would correspond to 2, 4, and 8 cm GSD respectively.
Entire Simulation Study
This entire study could also be performed using simulations produced by software like DIRSIG. By collecting lots of leaf reflectances, and even the Bidirectional Reflectance Distribution Function (BRDF) of the coneflower leaves (using software such as PROSAIL), a more accurate representation of a coneflower plant could be simulated and tested across a multitude of variables: days, seasons, latitudes/longitudes, weather conditions, etc. Even the plant could be changed from coneflower to whatever vegetation the user wishes to study. This could provide agricultural scientists, and remote sensing practitioners with incredible insights into vegetation variability.
Reflectance Variability of Target X
While this study focuses on a particular plant, there are many other crops that could have been studied. Those other plants could have produced a different result simply because their leaf structure is vastly different than that of a coneflower. It is recommended to study the variability of one's target of interest before making a decision on which calibration and reflectance conversion techniques to utilize. There is a possibility that some targets being studied have little to no variability.
Conclusions
This study investigated the variation in reflectance spectra of six coneflower (Rudbeckia fulgida) plants. These plants were measured using an ASD spectroradiometer under different forecasts (cloudy and sunny), at different times (08:00 a.m., 09:00 a.m., 10:00 a.m., 11:00 a.m. and 12:00 p.m.), and at different GSDs (2, 4 and 8 cm). The collected ASD spectra were compared against leafclip contact probe measurements, as well as MicaSense RedEdge-3 reflectance imagery. ASD results showed no correlation across times or GSDs (one-way ANOVA p < 0.001, and low R 2 ). The cloudy day produced less variation in both reflectance factor, and NDVI when compared to the sunny day. This was caused by the shadows that were present on the sunny day. Finally the leafclip spectra demonstrated the similarity in reflectance spectra and the health of all the coneflower plants used in the study one-way ANOVA p-value of 0.018. Ultimately, the results showcased in this study have shown the high variability in vegetation reflectance regardless of the time, forecast, GSD, or plants being measured. These variabilities are much higher than the reflectance factor errors produced by the AARR conversion technique. This indicates that AARR is accurate enough for the purposes of agricultural remote sensing. With this new insight, it is recommended to capture sUAS vegetation imagery on cloudy days, at 8 cm GSD (or larger), and as close to noon as possible. This setup will produce the lowest variability for the vegetation being measured as demonstrated by the ASD field spectrometer measurements, MicaSense RedEdge-3 images, and the DIRSIG simulated images. It is also recommended to do a similar study for any target the remote sensing practitioner is investigating. These other targets may not posses the same inherent reflectance variability.
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